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Abstract

Background:

Postpartum surgical site infections (SSIs) are a major cause of maternal morbidity in low-resource
settings, yet early detection is limited by reactive, symptom-based surveillance systems. Ma-
chine learning (ML) and explainable artificial intelligence (XAI) offer potential tools for proac-
tive SSI risk identification using routinely collected clinical data.

Methods:

A retrospective dataset of 8,918 caesarean deliveries from three regional referral hospitals in
Uganda (SSI prevalence: 8.1%) was analysed. After rigorous cleaning, leakage-free feature
engineering, imputation, and encoding, four ML models Logistic Regression, Random Forest,
Support Vector Machine (RBF), and XGBoost were trained and evaluated under extreme class
imbalance using SMOTENC. Model performance was assessed using accuracy, precision, recall,
Fl-score, ROC-AUC, and precision—recall curves. SHAP explainability was applied to identify
globally and locally influential predictors.

Results:

Overall discriminatory performance was modest due to limited predictive signal in routine clin-
ical records. Logistic Regression achieved the highest sensitivity (recall = 0.9931; ROC-AUC =
0.6528), whereas XGBoost produced the highest accuracy (0.7932) but poor recall (0.2639).
SHAP analysis highlighted preoperative showering, skin antiseptic preparation, obstructed
labour, and prolonged surgery duration as key contributors to increased SSI risk.

Conclusion:

Explainable ML models are feasible for early SSI risk identification in low-resource settings
but are constrained by sparse routine data. Logistic Regression may serve as a high-sensitivity
clinical screening tool. Improved performance will require enriched clinical datasets, inclu-
sion of intraoperative variables, and multi-centre validation to support practical deployment in
maternal health surveillance.

Keywords:

Surgical Site Infection, Machine Learning, Explainable AI, SHAP, SMOTENC, Maternal Health,
Uganda.
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Chapter 1

Introduction

1.1 Background

Surgical site infections (SSIs) remain among the most frequently reported healthcare-associated
infections globally and impose a disproportionate burden on low- and middle-income coun-
tries(LMICs) [1]. Their occurrence is more than three times higher than in high-income coun-
tries, leading to prolonged hospital stays, frequent readmissions, and increased healthcare ex-
penses for both patients and the healthcare system as a whole [1, 2].

Among women undergoing Caesarean section, surgical site infections are one of the leading
causes of postpartum morbidity and can contribute to delayed recovery, prolonged antibiotic
use, and increased risk of maternal complications, with a global incidence ranging from 3%
to 15% [3].Studies further show that a considerable proportion of postpartum SSIs develop
after hospital discharge and are frequently detected during follow-up visits rather than during
inpatient care[4].

In Uganda and other low-resource settings,healthcare-associated infection surveillance systems
remain underdeveloped, and routine post-discharge follow-up is inconsistently implemented [5].
Consequently, the true burden of postpartum SSIs may be underestimated. Existing surveil-
lance reports from Hoima, Kayunga, and Entebbe Regional Referral Hospitals indicate increas-
ing detection of SSI cases during day 6 and day 14 follow-up visits after discharge, suggesting
that infections are frequently identified only after clinical symptoms have progressed. However,
many SSIs are preventable through infection prevention strategies and good surgical practices;
the increased healthcare costs and associated patient morbidity from SSIs are avoidable in most
settings.

A properly functioning surveillance and control system can help healthcare providers to reduce
about 10% to 35% of surgical site infections [5, 6]. Therefore, through the Infectious Diseases
Institute and funding of the US CDC, the Ministry of Health, Uganda, is implementing a
national surveillance program pilot for healthcare-associated infections (HAIs) as outlined in
WHO Core Component 4, with the SSI among women post-partum as the main focus. This
surveillance is to provide valuable information on ways to inform the implementation and on-
going evaluation of SSI prevention interventions, improve patient outcomes, and ensure patient
safety in the long run.

Detecting and treating SSI early with a clear established criterion has been recommended in
several studies as a way to reduce the burden of healthcare-associated infections, to inform
patient care and proper sepsis treatment, and management among women postpartum or post-
abortion[7, 8]. The application of machine le%rning (ML) techniques in predictive analytics



using data from available health systems to predict surgical site infections has received attention
for early intervention[9]. Several machine learning algorithms have been applied to improve
early diagnosis of SSIs among women post-partum.

However, one of the main challenges with ML is the “black-box” nature of many models, which
limits their acceptance in clinical practice[10]. To address this, explainable AT (XAI) methods
such as SHAP and LIME are increasingly being used to make model predictions transparent and
interpretable, helping clinicians understand which clinical and demographic factors contribute
most to infection risk. This not only improves trust in predictive tools but also supports better
decision-making and integration into routine surveillance systems|[11].

The HAI CDC pilot Study is a multi-site research initiative aimed at establishing an SSI
surveillance program in three regional referral hospitals (RRH) in Uganda. This research will
make use of data collected from these sites to build and compare multiple machine learning
models to identify or predict SSI occurrence early, before day six (6) of the recommended review
day for C-section mothers’ post-partum. It will also assess the performance of these models
to determine the most effective one for enhancing maternal health outcomes in low-resource
environments.

1.2 Problem Statement

Postpartum surgical site infections (SSIs) detected on day 6 and day 14 after discharge have
increased in the surveillance reports from Hoima, Kayunga, and Entebbe Regional Referral
Hospitals, revealing a critical gap in early detection. Current surveillance approaches are largely
reactive, identifying infections only after symptoms emerge, which delays timely intervention
and increases maternal morbidity.

Early identification of SSIs is essential for improving clinical decision making and strengthen-
ing national infection prevention systems. Predictive tools, including machine learning meth-
ods combined with explainable artificial intelligence, offer the potential to support proactive
surveillance by highlighting patients at elevated risk and clarifying the factors driving these
risks.

However, existing approaches do not reliably predict which postpartum women are most vul-
nerable, and clinicians require transparent, interpretable outputs to trust machine learning
predictions. This study therefore seeks to evaluate the performance of explainable machine
learning models for early SSI prediction and identify the clinical and demographic features
most associated with infection risk, with the goal of informing more effective surveillance and
targeted prevention strategies. .

1.3 Research Objectives

1.3.1 General Objective

To assess the feasibility of explainable machine learning models for early detection of postpar-
tum Surgical Site Infections(SSI), and to identify data gaps in routine hospital records that
limit predictive performance.



1.3.2 Specific Objective

1. To identify and evaluate the predictive value of routine clinical and demographic features
for postpartum SSI risk.

2. To compare the performance of different ML models given the current hospital data
constraints.

3. To apply explainability techniques to highlight feature importance and clarify data gaps
for clinicians.

1.4 Research Questions

1. Which patient clinical and demographic features contribute most to the predictions of
machine learning models for postpartum SSIs?

2. Which machine learning model performs best in the early detection of postpartum surgical
site infections (SSIs) among mothers in Uganda?

3. How can model explainability techniques help interpret machine learning predictions for
postpartum SSIs in Ugandan healthcare settings?

1.5 Justification

SSI rates in LMICs range from 8 to 30% of procedures, making them the most frequent Health-
care Associated Infections (HAIs) with substantial morbidity, mortality, and economic impacts
on mothers after C-section. Caesarean deliveries have been steadily increasing in most industri-
alized countries and many emerging countries, including Uganda, over the previous few decades,
which has raised concerns among social scientists[3].

In recent years, it has been suggested that obstetricians are increasingly favoring surgical birth
over natural birth. In addition, there is some indication from specific nations that mothers who
wish to deliver their child via C-section are becoming more adamant about their preferences|2].
Conducting surveillance for SSIs is recognised as making an important contribution to reducing
the risk of these infections[3] and establishing high-quality surveillance with timely feedback to
surgeons can lead to a reduction in the risk of SSI.

This surveillance will allow for the early detection and prompt management of postoperative
infections, reducing the risk of complications, such as sepsis, wound dehiscence, and endometri-
tis. By identifying and addressing these infections promptly, surveillance will help save lives
and improve health outcomes for both mothers and infants.



Chapter 2

Literature Review

2.1 Introduction

Machine learning is increasingly being applied to healthcare problems, including infectious
disease prediction and maternal health outcomes[12]. Postpartum surgical site infections (SSIs)
remain a major cause of maternal morbidity and mortality, particularly in low- and middle-
income countries such as Uganda. This chapter reviews existing literature on SSIs, the role of
early detection, applications of machine learning in healthcare, explainability in Al, and the
contextual challenges in Ugandan healthcare settings.

2.2 Clinical Background of Postpartum Surgical Site In-
fections (SSIs) in LMICs

Surgical site infections (SSIs) are defined as infections that occur within 30 days after a surgical
procedure, including after Caesarean sections, which are among the most common obstetric
surgeries worldwide[13]. Globally, SSIs rate after a surgical procedure ranges from 3% to 15%
worldwide, with higher rates in LMICs[3]. Mehtar, S., et al.[14] and Allegranzi, B., et al[15]
agree that SSI's are the most common health-care-associated infections in LMICs with rates
ranging from 8 to 30% with substantial morbidity, mortality, and economic impacts.

The Epidemiology Burden

The rate of surgical site infections in low- and middle-income countries (LMICs) varies widely
depending on the hospital and type of procedure. In some groups it is only a few percent,
while in others it is very high. Studies show that many hospitals have high baseline infection
rates, but a large share of these infections could be prevented through quality improvement
measures.

Examples of the quality improvement measured rates

A multisite Clean-Cut implementation showed baseline 30-day SSI of 28.4% with reduction to
12.1% after intervention in five low-resource hospitals, absolute reduction 16.3% (RR 0.51)[14].A
prospective cohort in Freetown, Sierra Leone, found an overall SSI incidence of 11.5% (69% of
SSI deep) among 338 adults undergoing surgery[15].

A Tanzanian obstetric unit recorded post-caesarean SSI prevalence of 48% pre-intervention
and 17% post-intervention in sequential surveys[16]. Therefore, implementing this study could

4



significantly reduce SSI rates in the Ugandan setting by enabling earlier detection and timely
interventions as part of quality improvement projects.

Clinical Consequences

SSIs drive longer hospital stays, readmissions and reoperations and are associated with increased
morbidity and mortality; these downstream effects amplify patient and health-system costs in
resource-limited settings[13, 17].

2.3 Risk Factors and Early Detection Challenges

Surgical site infections (SSIs) remain among the most common healthcare-associated infections
globally and are a major contributor to postoperative morbidity, prolonged hospitalization,
and increased healthcare costs, particularly in low- and middle-income countries (LMICs). The
identification of well-established risk factors is essential for both clinical risk stratification and
the development of predictive models.

2.3.1 Well-Known Clinical and Procedural Risk Factors

Extensive literature has identified several intraoperative and procedural determinants of SSI.
One of the most consistently reported risk factors is prolonged duration of surgery. Longer op-
erative times increase tissue exposure, microbial contamination risk, and physiological stress,
thereby elevating infection probability[18, 19]. Similarly, the type of surgical procedure particu-
larly emergency and contaminated surgeries has been associated with increased SSI incidence[20].

Antibiotic prophylaxis practices also play a critical role. Inappropriate timing, incorrect antibi-
otic selection, or delayed administration significantly increase postoperative infection risk and
inadequate adherence to infection prevention and control (IPC) protocols during surgery, in-
cluding inadequate skin preparation, non-adherence to sterile protocols or techniques and wound
care management, contributes substantially to infection development in LMICs|[21, 22].

Length of hospital stay has also been associated with SSI risk. Prolonged preoperative or post-
operative hospitalization increases exposure to nosocomial pathogens and may reflect underly-
ing complications or vulnerability. In maternal populations, Caesarean delivery is a recognised
high-risk procedure for SSI, particularly in resource-constrained settings[23, 24].

2.3.2 Patient-Related Risk Factors

Patient-level characteristics are equally important determinants of SSI, advanced maternal age
has been associated with impaired wound healing and increased comorbidity burden. Obesity
and elevated Body Mass Index (BMI) are strongly linked to higher SSI risk due to poor tissue
perfusion and impaired immune response[25].

These factors collectively underscore the multifactorial nature of SSI and justify the inclusion
of demographic, clinical, and perioperative features in predictive modelling.

2.3.3 Postoperative Factors

Post-operative wound care practices significantly influence infection outcomes. In LMIC set-
tings, limited access to sterile equipment, inconsistent IPC enforcement, and shortages of
trained personnel may increase vulnerability to SSI.



Post-discharge care is particularly critical in maternal populations. Many SSIs manifest after
hospital discharge, especially in settings where early discharge is common. Inadequate patient
education regarding wound care and limited access to follow-up services further complicate
early detection.

2.3.4 Challenges in Early Detection of SSI

Early detection of SSI remains challenging for several reasons. First, early symptoms such
as mild redness, swelling, or discomfort often overlap with normal postoperative healing pro-
cesses, making clinical differentiation difficult. This overlap may delay diagnosis until infection
becomes more severe.

Second, delayed manifestation is common. A substantial proportion of SSIs present days or
weeks after discharge, particularly following Caesarean delivery. In resource-limited contexts,
structured post-discharge surveillance systems are often weak or absent, leading to underre-
porting and delayed intervention.

Third, detection frequently relies on subjective clinical judgment. Variability in clinician ex-
perience, training level, and documentation practices can introduce observer bias and mis-
classification. Inconsistent diagnostic criteria further contribute to variability in reported SSI
rates.

2.3.5 Rationale for Machine Learning in SSI Detection

The multifactorial and nonlinear nature of SSI risk, combined with challenges in early clinical
detection, highlights the potential value of machine learning (ML) approaches. Unlike tradi-
tional statistical methods that may rely on predefined linear relationships, ML models can iden-
tify complex interactions among patient-related, procedural, and operational variables.

ML can support early risk stratification by integrating multiple predictors simultaneously and
generating real-time risk scores. In settings where clinical expertise and surveillance infras-
tructure are limited, predictive models may assist healthcare providers in identifying high-risk
patients for closer monitoring.

Given the overlapping symptoms, delayed manifestation, and subjective nature of SSI diagnosis,
data-driven predictive systems offer an opportunity to enhance consistency, reduce misclassifi-
cation, and strengthen infection prevention and control strategies. Therefore, the integration of
ML techniques into maternal health surveillance represents a promising avenue for improving
early detection and reducing postoperative complications in low-resource settings.

2.4 Machine Learning for Surgical Site Infections

Machine learning (ML) has emerged as a promising tool for predicting surgical site infections
(SSIs) following caesarean sections, enhancing patient care and resource allocation. Various
studies demonstrate the effectiveness of ML models in identifying risk factors and improving
surveillance systems for SSIs, particularly in diverse healthcare settings.

2.4.1 Predictive Models and Performance

In a study conducted in Rwanda, logistic regression and support vector machine (SVM) models
achieved high accuracy (AUC = 99.9%) in predicting infections based on questionnaire and im-

age data from caesarean section wounds[26]. Research on colon surgeries showed that XGBoost
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outperformed traditional models, achieving an AUC-ROC of 0.788, indicating its potential for
effective SSI prediction.

2.4.2 Data Utilization

Structured and Unstructured Data: ML models utilize both structured data (demographics,
medications) and unstructured clinical notes, enhancing the predictive capability for SSIs[27].
Advanced models like long short-term memory networks have shown superior sensitivity (92%)
compared to traditional methods, indicating their effectiveness in real-time SSI identification
[27].

2.4.3 Implications for Healthcare

By accurately predicting SSIs, ML can help prioritise high-risk patients, potentially reduc-
ing hospital stays and healthcare costs associated with infections The integration of ML in
SSI surveillance can automate labor-intensive processes, improving efficiency and accuracy in
identifying infections[27].

While machine learning shows significant promise in enhancing SSI prediction and management,
challenges such as data imbalance and the need for interpretability in models remain critical
considerations for future research and implementation.

Al Mamlook et al[28] investigated the application of machine learning to predict surgical site
infections (SSIs), a major healthcare challenge due to their contribution to increased morbidity,
mortality, and costs.

Using data from the American College of Surgeons’ National Surgical Quality Improvement
Program (ACS NSQIP), the study evaluated seven different models; Logistic Regression, Naive
Bayes, Random Forest, Decision Tree, Support Vector Machine, Artificial Neural Network, and
Deep Neural Network.

Among these, the Deep Neural Network demonstrated the highest predictive performance (AUC
= 0.85), significantly outperforming traditional approaches, particularly Logistic Regression,
which showed only moderate accuracy.

Key risk factors identified included emergency surgeries, ASA Index of 4, higher BMI, vascular
procedures, and general surgeries. Overall, the results from Al Mamlook et al study suggest that
utilization modern ML approaches can significantly strengthen SSI prediction models.

ML applications in maternal health are gaining momentum, especially in risk prediction for
conditions such as preeclampsia, gestational diabetes, and postpartum hemorrhage. However,
the application to maternal sepsis remains underexplored.

A recent study in India applied decision trees and logistic regression to identify early sepsis
indicators in postpartum women, demonstrating moderate predictive power with AUC values
ranging between 0.72-0.81. Another study in Nigeria used an artificial neural network to detect
infection progression, showing improved sensitivity over clinician-based assessments.

Machine learning (ML), a subset of artificial intelligence, offers tools capable of recognizing
complex patterns in large clinical datasets. ML models such as logistic regression, K-Nearest
Neighbor, support vector machines (SVM), random forests (RF) and gradient boosting.

For instance, studies have demonstrated that ensemble methods like XGBoost and Light GBM
outperform traditional statistical models in predicting sepsis using electronic health record
(EHR) data[29].
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In most cases these are used While many ML models have shown promise, most research
is concentrated in high-income settings, with limited validation in LMICs where contextual
differences in clinical practices and data availability exist.

These studies suggest that localized, context-aware ML models may offer valuable tools for
improving maternal outcomes in LMICs. However, the concept of explainability of how the ML
models came up with the prediction is in black box.

2.5 Explainable Artificial Intelligence (XAI)

One of the main criticisms of ML in healthcare is its ”black-box” nature. Clinicians are hesitant
to adopt models they cannot understand[30]. Explainable Al (XAI) addresses this by providing
insights into how models make predictions. For example:

e Feature importance methods rank variables (e.g., high blood sugar, prolonged labor) by
their influence on predictions.

e LIME (Local Interpretable Model-agnostic Explanations) generates human-readable ex-
planations for individual predictions.

e SHAP (SHapley Additive exPlanations) provides consistent attribution of feature contri-
butions across predictions.

In infection-related studies, XAI has been used to highlight clinical risk factors, improving
clinician trust and decision-making.

2.6 Machine Learning and Explainability in Low resource
setting

Okolo et al. highlight critical gaps in the development and application of explainable AT (XAT)
for low-resource settings, particularly in the Global South[31]. Their review reveals that most
existing XAl research is rooted in the Global North and assumes a user base that is relatively
technology-literate. This overlooks the realities of low-income and low-literate populations,
where limited digital literacy significantly influences technology adoption.

They argue that explanations must be tailored to the intended audience, which may include
both system developers and end users such as frontline health workers, many of whom have
little prior experience with Al systems. The authors call for human-centered XAl approaches
that adapt explanations into accessible languages, culturally appropriate formats, and compu-
tationally feasible designs for low-resource environments.

Importantly, Okolo et al. caution against “explainability pitfalls,” where users may place
blind trust in Al outputs simply because an explanation is provided. This risk is particularly
pronounced in low-resource contexts, where users might defer to Al-generated explanations
even when the underlying prediction is wrong due to limited technical expertise. For example,
a community health worker may accept an Al’s incorrect pneumonia diagnosis if the explanation
appears authoritative.

Their work stresses the need for future XAI research that not only improves technical inter-
pretability but also addresses social, cultural, and ethical challenges in low-resource settings.
By doing so, XAI can empower rather than mislead users, ensuring that explainability becomes
a tool for equitable and trustworthy AI deployment in the Global South.
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2.7 Explainable Artificial Intelligence (XAI) in Medical
Care

Antoniadi et al.’s highlights the urgent need for XAI in medical care to address bias, support
fair and ethical decision-making, and align Al-driven systems with human rights and regulatory
frameworks. XAI offers a vital mechanism for exposing bias, fostering accountability, and
guiding the development of responsible Al in healthcare.

The integration of artificial intelligence (AI) into clinical decision-making has highlighted a
pressing need for transparency and accountability. Antoniadi et al. emphasize that “black
box” AI models, which provide predictions without explanations, pose significant risks due
to their opacity and tendency to conceal systemic biases[32]. When left unexamined, these
biases can reinforce pre-existing societal inequities, disproportionately disadvantaging already
marginalized groups.

Explainable AT (XAI) emerges as a potential solution to these challenges by enabling clinicians
and patients to interrogate model outputs, trace decision pathways, and assess fairness. How-
ever, Anna et al. caution that existing XAl techniques remain limited in their ability to expose
discriminatory behaviours in sensitive applications. Moreover, oversimplified explanations risk
misleading users, providing a false sense of trust, or even facilitating “fair-washing,” whereby
models appear ethically sound while masking underlying inequities. XAl the ability should en-
hance a model’s ability to generate explanations that genuinely support human understanding
and ethical use in practice.

Building on this discussion, Pawar et al. (2020)[33] stress the practical value of XAl in strength-
ening medical practitioners’ confidence in Al-based solutions and improving their understanding
of model operations. Their work introduces a feature importance (FI)-driven approach to ex-
planation, highlighting how FI scores can reveal the relationships between features, models,
and data within clinical workflows.

They outline three complementary perspectives: (i) a model/output-based view, which iden-
tifies features most influential to model outcomes; (ii) a hierarchical ranking across medical
settings, which illustrates how feature importance may vary depending on diagnostic contexts,
thereby aligning Al explanations with real-world practice; and (iii) the impact of data augmen-
tation, which demonstrates how synthetic data affects model performance and the validity of
FT scores in medical contexts.

Collectively, these approaches allow practitioners to assess not only which features drive pre-
dictions but also how models may behave under different conditions, ultimately enabling more
informed and trustworthy decision-making. Importantly, Pawar et al. propose extending this
work through a multi-level framework that automates model training and validation, with the
aim of embedding explainability across hierarchical layers of medical decision-making.

This perspective underscores XAI’s dual role: not only as a tool for transparency and fairness,
as argued by Antoniadi et al., but also as a means of operational efficacy, helping practitioners
better interpret, validate, and apply Al solutions in diverse clinical contexts.

Together, the contributions of Antoniadi et al. and Pawar et al. illustrate that the need for
XAI in healthcare extends beyond addressing ethical and legal obligations; it is also central to
fostering clinical trust, interpretability, and practical utility of Al-driven systems.



2.8 Explainability and ML Based Predictive Modelling

Explainability and predictive performance are related but not strictly inverse: empirical studies
show the relationship depends on model class, data, and the human evaluation criteria used,
so a single “accuracy vs interpretability” rule does not hold universally([34, 35].

When a trade-off appears, it stems from (a) limiting model capacity to force transparency, (b)
using post-hoc explanations that may lack faithfulness, and (¢) human cognitive limits that
make more information confusing rather than clarifying[36, 37, 38].

Traditional black-box models often capture richer patterns that can increase accuracy; con-
straining models for transparency can reduce capacity and thus performance in some settings[38].

Post-hoc explanations (surrogates, attribution methods) can be informative but may not faith-

fully reflect the true model decision boundary, creating a separate fidelity-versus-interpretability
trade-off[39)].

More explanation content can overload users and reduce comprehensibility; perceived explain-
ability depends on user task and presentation, not only model structure[35, 40].

Practical strategies balance objectives by matching explanation style to purpose, validating ex-
planation fidelity, and iterating with users; these approaches reduce unnecessary performance
loss while improving trust[40]. Future work should standardize fidelity metrics, expand human-
centered evaluations, and develop methods that produce guaranteed faithful, compact expla-
nations without degrading predictive power.

2.8.1 Research priorities and open problems

Algorithms that guarantee meaningful explanation without sacrificing performance are lacking
in literature[41, 42].

2.9 Research Gaps Identified

Despite increasing interest in the application of machine learning in healthcare, significant
methodological and contextual gaps remain in the prediction of postpartum surgical site in-
fections (SSIs), particularly in low- and middle-income countries (LMICs). Existing stud-
ies on SSI prediction predominantly rely on traditional statistical approaches, such as logis-
tic regression, with limited adoption of advanced machine learning techniques for early risk
stratification[2, 13].

The integration of explainability frameworks such as SHAP or LIME remains limited in SSI
prediction studies, despite the importance of model transparency for clinical decision-making
in LMIC maternal health settings. Where explainability approaches are employed, they are
predominantly applied in high-income country contexts, thereby limiting contextual relevance
and transferability to Sub-Saharan African health systems[43, 44].

There is also a notable scarcity of locally validated models developed using large, context-
specific datasets from Sub-Saharan Africa. Many predictive models are developed and validated
in high-income countries, where differences in epidemiological patterns, healthcare infrastruc-
ture, perioperative practices, and post-discharge follow-up systems may limit their generaliz-
ability to LMIC contexts[1, 45].

Furthermore, studies conducted in LMIC settings often rely on relatively small datasets, which

constrains model robustness, external validity, and reproducibility. Ultimately, these gaps
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underscore the need for robust, explainable, and context-sensitive machine learning frameworks
for early detection of postpartum SSIs in Uganda.

Therefore, this study aims to address these gaps by developing and applying explainable ma-
chine learning models for the early detection of postpartum SSIs in Ugandan healthcare settings,
using a dataset drawn from multiple sites across three different regions.
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Table 2.1: Research Gap Summary

Author (Year) Country/ContextStudy Focus Methodology Key Relevance Gap
Findings to Cur- Identified
rent
Study
Badia et al. (2017) Europe Economic impact of  Systematic review  SSIs in-  Establishes Limited
SSI crease impor- LMIC evi-
length of tance of dence
stay and early de-
costs tection
Chu et al. (2015) Sub-Saharan Post-C-section SSI ~ Multi-country ob- High SSI  Confirms No predic-
Africa rates servational prevalence burden tive mod-
in SSA in similar elling
context
Wood et al. (2025) SSA SSI prevalence and  Scoping review Wide Justifies No ML ap-
factors prevalence surveil- plication
variation; lance
surveil- strength-
lance gaps ening
Mehtar et al. LMICs SSI surveillance sys-  Position state- SSI rates Supports No pre-
(2020) tems ment 8-30% in mneed for dictive
LMICs structured analytics
monitoring
Nofal et al. (2025) 5 LMIC hospi- Clean-Cut interven-  Multisite imple- SSI re- Shows No early
tals tion mentation duced from  improve- risk  pre-
28.4% to ment via diction
12.1% structured
prevention
Lakoh et al. (2022)  Sierra Leone SSI incidence Prospective  co- 11.5% SSI  Demonstrates No ML
hort incidence compara-
ble burden
Gentilotti et al. Tanzania IPC + stewardship Intervention study  SSI re-  Highlights No predic-
(2020) duced modifiable  tive mod-
from 48%  risk factors elling
to 17%
Fletcher et al. Rwanda ML for SSI Logistic  Regres- AUC = Demonstrates Limited
(2019) sion, SVM 0.999 using ML fea- generaliz-
image 4+ sibility in  ability
survey Africa
data
Al Mamlook et al. USA ML SSI prediction 7-model compari- DNN best Shows ML  High-
(2023) son (AUC = improves income
0.85) SSI predic-  dataset
tion
Kiser et al. (2024) USA LSTM for SSI Deep learning Sensitivity Demonstrates Resource-
92% sequential intensive
modelling
Islam et al. (2023) Global ML for sepsis Systematic review  Ensemble Supports Limited
models infection postpar-
outper- prediction tum focus
form via ML
traditional
Okolo et al. (2022)  Global South XAI in low-resource  Systematic review  Need for  Supports Limited
settings human- contextual clinical
centered explain- implemen-
XAI ability tation
Antoniadi et al. Global XAI in healthcare Systematic review  Black-box Justifies Limited
(2021) models SHAP LMIC vali-
risk bias integration  dation
Pawar et al. (2020) Healthcare Feature importance Framework pro- FI im-  Supports Limited
methods posal proves SHAP use empirical
trust LMIC
testing
Kruschel et al. Multi-domain Accuracy vs ex- Empirical study Trade-off Supports Not  SSI-
(2025) plainability context balanced specific
dependent model
selection
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2.10 Conceptual Framework
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|
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|
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A
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A
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|

Early Risk Identification of SSI

l

Improved Infection Prevention & Clinical Action
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Chapter 3

Methodology

3.1 Introduction

This study aimed to assess the feasibility of using explainable machine learning models for the
early detection of postpartum Surgical Site Infections (SSI) based on clinical and demographic
data. This was achieved through the development and evaluation of multiple supervised ma-
chine learning algorithms, with a focus on model interpretability and transparency.

In addition, the study sought to identify gaps in routine hospital data that may limit predictive
performance with the goal to inform both clinical decision-making and improvements in data
collection practices to enhance early detection and intervention.

3.2 Study Design

This study adopted a quantitative and retrospective predictive design, guided by the data
science lifecycle. The research method followed five phases: data acquisition, preprocessing,
analysis, modelling, and evaluation.

Data pre-processing included handling missing values, outliers, and inconsistencies, followed
by exploratory data analysis (EDA) to uncover trends, distributions, and relationships among
patient characteristics. Feature engineering was applied to derive additional variables that may
enhance predictive performance.

Supervised machine learning algorithms, including logistic regression, decision trees, random
forests, support vector machines, and gradient boosting models, were implemented to predict
the likelihood of postpartum surgical site infections. Performance was evaluated using metrics
such as accuracy, precision, recall, F1-score, and AUC-ROC. To enhance interpretability and
clinical relevance, SHAP Explainable Al (XAI) technique was applied to clarify how input
features influence model predictions.

3.3 Data Source

3.3.1 Data Collection and Acquisition

The dataset used in this study was obtained from the Surgical Site Infection (SSI) surveillance
under the Healthcare-Associated Infections (HAI) study conducted by the Infectious Diseases
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Institute. This dataset constitutes secondary data, as it was originally collected for routine
clinical surveillance rather than specifically for this research.

Data were collected prospectively between May 2024 and January 2026 from three Regional
Referral Hospitals: Kayunga, Hoima, and Entebbe. The data collection process utilized the
Open Data Kit (ODK) platform, with information captured electronically using one primary
data collection tool at the time of surgery and three follow-up tools administered on post-
operative days 6, 14, and 30 to monitor patient outcomes, particularly the occurrence of surgical
site infections.

All data were stored centrally on the ODK server managed by the Infectious Diseases Institute.
For the purpose of this study, the researcher developed a Python-based data processing pipeline
to extract the four datasets (baseline and follow-up forms), clean them, and merge them into a
single analytical dataset. The merging process was performed using unique patient identification
numbers as the primary key to ensure accurate linkage of patient records across all follow-up
time points.

3.3.2 Dataset Description

This data set contained more than 8,900 surgical cases and 34 features recorded during the
Healthcare-Associated Infection (HAI) Surveillance Program between 20th May 2024 and 17th
January 2026. Each record represents a unique patient 1D, both for the study and a local
identifier, and includes demographic and clinical variables. The target variable, final_outcome,
is binary and indicates whether the patient had an infection or not (1 = infection present, 0 =
no infection) at day 30 after discharge.

The data set contained 34 features: Date of Admission, Patient_ID, study site, Referral In, age,
c_section_type, indication_of_c_section, c_section_date, start_time_of_surgery, end_time_of_surgery,
surgery_by, anesthesia_by, asa_score, HIV, did_patient_shower, hair_removal_done, patient_skin_preparation.
Did _the_skin_dry_before_the_incision_was_made, Was_blood_glucose_done, Was_antibiotic_Prophylaxis_give:
Was_the_patient_taught_about_hygiene_and_wound_care_after_surgery ,Were_antibiotics_given_post_operati
purulent_drainage, wound_reopened_first_check, fever, fever_and_wound_redness_first_check, fever_and_wour
fever_and_increased_wound_pain, date_of_review_discharge, date_antibiotic_given, number_of_times_adminis
number_of_days_given, Purulent_Drainage_Abscess_Day_30_post_discharge, final_outcome.

Item Description

Source HAI Surveillance Database
Collection Tool ODK

Sites Hoima, Kayunga, Entebbe RRH
Study Period May 2024—Jan 2026

Records Extracted | 8,918

Outcome SSI at Day 30

Table 3.1: Summary of Dataset Characteristics

3.3.3 Data Governance and Inclusion Criteria

Data originated from the Healthcare Associated Infection (HAI) surveillance programme im-
plemented by the Infectious Diseases Institute in collaboration with participating Regional
Referral Hospitals. Eligible records included women undergoing Caesarean section with com-
plete baseline surgical information and at least one documented follow-up outcome (day 6, 14,
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or 30). Duplicate records were removed using patient identifiers and outcome reconciliation
rules. Variables with excessive missingness 70% were excluded from modelling

3.4 Data Management Plan

Data management procedures were implemented to ensure integrity, confidentiality, repro-
ducibility, and secure handling throughout the research lifecycle. Raw data extracted from
ODK servers were stored on password-protected encrypted devices accessible only to authorized
researchers. Data cleaning and transformation steps were implemented using version-controlled
Python scripts to preserve reproducibility. Direct identifiers were removed before analysis and
only de-identified analytical datasets were retained. Final datasets, scripts, and outputs were
archived following institutional research data governance procedures.

3.5 Data Cleaning and Preprocessing

Data pre-processing was undertaken to enhance the quality, consistency, and suitability of the
dataset for machine learning modelling. The initial step involved data cleaning, where missing
values were addressed using appropriate imputation techniques, including Multiple Imputation
by Chained Equations (MICE). Data anomalies such as negative or implausible values were
identified and corrected, with invalid entries replaced with logical defaults.

Categorical variables were transformed into numerical representations to facilitate model com-
patibility. Depending on the nature of the variable and the requirements of specific algorithms,
encoding techniques such as ordinal encoding and one-hot encoding were applied.

To ensure comparability across features, numerical variables were scaled using standardization
techniques, particularly the StandardScaler, which transforms features to have a mean of zero
and a standard deviation of one. This step was especially important for distance-based and
gradient-based models.

The purpose of data cleaning and pre-processing was to develop a thorough understanding
of the dataset, particularly the different features, data types, and the presence of missing or
inconsistent data. This initial examination also allowed for the identification of outliers and
potential errors that could affect subsequent analyses. Insights from the exploration informed
the need for data pre-processing, including the conversion of data types, handling missing
values, and the creation of new derived variables to facilitate analysis.

The dataset comprised participants who underwent Caesarean section (C-section) procedures
over a one-year period, from 20th May 2024 to 17th January 2026, across three facilities:
Kayunga, Hoima, and Entebbe Regional Referral Hospitals. For consistency, the total number
of participants with surgical site infections (SSI) was computed from follow-up-specific data
collected at baseline, Day 6, Day 14, and Day 30. In cases where participants had multiple
SSI entries due to data entry errors, the SSI outcome recorded at the first follow-up date was
considered.

Participants who died during the surveillance period were excluded from the analysis to ensure
data consistency. Additionally, date variables such as Admission, C-section, first check, and
Discharge were converted to proper date-time formats to enable accurate computation and
analysis.
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3.5.1 Missing Data Analysis

Missing data analysis was conducted as part of the data cleaning and preprocessing stage to
identify the presence, patterns, and mechanisms of missing values within the dataset. Visual
exploration techniques were employed using the Missingno library in Python.

A missingness matrix was first generated to visualize the distribution of missing values across the
dataset, allowing the identification of variables with incomplete observations. This visualization
helped highlight variables with missing entries and provided an overview of the completeness
of the dataset.

To further investigate relationships between missing values across variables, a missingness cor-
relation heat map was produced. The heat map revealed that several postoperative clinical
variables, including wound condition indicators and follow-up assessments, exhibited strong
correlations in their missingness patterns.

This suggests that missing values in these variables tend to occur simultaneously, likely due
to dependencies such as missed follow-up visits or incomplete clinical assessments. Addition-
ally, Little’s MCAR test was performed to determine whether the missing data were Missing
Completely At Random (MCAR).

final_outcome
Purulent_Drainage_Abscess
_post_discharge
Number_of_days_antibiotic
s _given
Number_of_times_anti_biot
ics_administered
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Figure 3.1: Number of missing values per feature in the dataset.

Figure 3.1 presents a horizontal bar chart showing the number of missing values across the
dataset’s features. The x-axis represents the count of missing observations, while the y-axis
lists the corresponding variables.

The variable fever exhibits the highest level of missingness, with more than 700 missing obser-
vations. Other variables with relatively high levels of missing data include date_antibiotic_given,
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number_of days_given, and number of times antibiotic_administered, each containing ap-
proximately 500 or more missing entries. The high proportion of missing values in these vari-
ables may be attributed to incomplete clinical documentation or variations in postoperative
follow-up procedures.

In contrast, several clinical assessment indicators such as fever_and_wound_redness_first_check,
fever_and_increased wound pain, fever_and wound_swelling, purulent_drainage, and other
related post-discharge monitoring variables demonstrate comparatively lower levels of missing-
ness, generally below 150 observations. This suggests that these symptoms were more consis-
tently recorded during patient follow-up assessments.

The presence of missing data in clinically relevant variables, particularly those related to infec-
tion indicators and treatment administration, has the potential to introduce bias and reduce
statistical power if not properly addressed.

Consequently, appropriate preprocessing strategies were applied to handle missing values prior
to model development. Given that the proportion of missing data was relatively small in most
variables, records containing missing values were removed to maintain data quality and ensure
reliable model training.

Table 3.2: Summary of Missing Values per Feature

Variable Missing Values | % of Total Values
Fever 726 8.1
Date_antibiotic_given 529 5.9
Number_of_times_anti_biotics_administered 495 5.6
Number_of_days_antibiotics_given 495 5.6
Did_patient_shower 143 1.6
Antibiotics_given_post_operative 143 1.6
Did_the_skin_dry_before_the_incision 143 1.6
Patient_taught_about_hygiene_and_wound_care_after_surgery 143 1.6
Antibiotic_Prophylaxis_given_Pre_Operative 143 1.6
Fever_and_wound_redness_first_check 120 1.3
Wound _reopened_first_check 120 1.3
Purulent_drainage 120 1.3
Fever_and_wound _swelling 120 1.3
Date_of _review_discharge 120 1.3
Fever_and_increased_wound _pain 120 1.3
Purulent_Drainage_Abscess_post_discharge 105 1.2
final outcome 22 0.2

The table above presents the distribution of missing values across the variables included in the
surgical site infection (SSI) dataset. The analysis indicates that several variables contain missing
observations, although the overall level of missingness is relatively low across the dataset.

The variable Fever exhibits the highest proportion of missing data, with 726 observations

(8.1%) missing. Other variables with notable levels of missingness include Date_antibiotic_given

(5.9%), Number_of times_anti biotics_administered (5.6%), and Number of days_antibiotics_given
(5.6%). These variables are related to antibiotic administration and postoperative monitoring,
suggesting that some treatment-related information may not have been consistently documented

during patient follow-up.

Several clinical assessment variables, including Did_patient_shower, Antibiotics_given post_operative
Did_the_skin_dry_before_the_incision, Patient_taught_about_hygiene_and wound_care_after_surg:
and Antibiotic Prophylaxis given Pre Operative, each exhibit 1.6% missing values. Simi-

larly, postoperative infection indicators such as f8ever,and,wound,redness,f irst_check, Wound_reopened.



Purulent_drainage, Fever_and wound swelling, Date_of review_discharge, and Fever_and_increasec
show 1.3% missingness.

The outcome variable final _outcome contains 22 missing values (0.2%), representing the lowest
level of missingness in the dataset. The relatively small proportion of missing outcome data
suggests minimal risk of bias related to the target variable used for predictive modelling.
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Figure 3.2: Missing data matrix illustrating the pattern of missingness across all variables in
the dataset.

Assessment of Missing Data Mechanism

Little’s MCAR test was conducted to evaluate the mechanism of missing data. The test pro-
duced a p-value of 0.0257, which is less than the significance level of 0.05, indicating that the
missing data are not Missing Completely At Random (MCAR). Therefore, the missingness
may depend on observed variables, suggesting a Missing At Random (MAR) mechanism where
the probability of missingness is related to observed variables rather than occurring entirely
randomly.

As a result, appropriate imputation techniques were considered for handling missing values
rather than simple row deletion, in order to preserve the integrity and statistical power of the
dataset.
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Figure 3.3: Correlation heatmap showing the pairwise relationships among variables with miss-
ing data in the surgical site infection (SSI) dataset.
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Figure 3.4: Hierarchical clustering dendrogram illustrating similarity relationships among vari-
ables in the surgical site infection (SSI) dataset.
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Assessment of Missing Data Patterns

Missing data assessment was performed using missingness matrices, summary statistics, and

Little’s MCAR test. Variables identified as MAR were imputed using MICE.

A correlation heat map was drawn for missing data assessment,darker colours represent stronger
correlations, while lighter colours indicate weaker or negligible relationships.

A missing data dendrogram was generated to examine hierarchical clustering of missingness
patterns across variables.

3.5.2 Duplicate data

Duplicate data results in inaccurate information and a lack of data integrity. It may result
in inaccurate computations and conclusions based on inaccurate information. This particular
data set had no duplicates.

3.6 Exploratory Data Analysis (EDA)

Exploratory Data Analysis (EDA) was conducted to gain a comprehensive understanding of
the dataset’s structure, underlying patterns, and relationships among variables prior to model
development. This process was implemented using Python-based data analysis and visualization
libraries, including Pandas for data manipulation, and Matplotlib and Seaborn for graphical
exploration.

Descriptive statistics were first generated to summarize key characteristics of the data, such
as central tendency, dispersion, and distribution. Visual exploration techniques, including
histograms and boxplots, were employed to assess the distribution of numerical variables and
to identify the presence of outliers and skewness. Scatter plots and pairwise visualizations were
further used to examine relationships between predictor variables and the outcome variable,
particularly in relation to Surgical Site Infections (SSI).

To evaluate the strength and direction of relationships among variables, correlation analysis
was performed. A correlation matrix, complemented by heat maps, was used to visualize linear
associations between features and to detect potential multicollinearity. Identifying highly cor-
related variables informed feature selection and helped reduce redundancy, thereby improving
model stability and interpretability.

3.6.1 Univariate Analysis

Univariate analysis was conducted to examine the distribution of individual variables and iden-
tify potential data quality issues such as outliers and skewness. Histograms and box plots were
generated for numerical variables including age, ASA score, number of times antibiotics were
administered, and duration of antibiotic treatment. Each subplot displays the frequency dis-
tribution and kernel density estimate, highlighting skewness, outliers, and overall distribution
shape of the variables.
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Figure 3.5: Distribution plots for key numerical variables in the dataset.

Univariate Analysis of Numerical Variables

Univariate data analysis revealed several distributional characteristics and potential data qual-
ity concerns. The Age variable exhibited extreme values exceeding 2000 years, indicating po-
tential data entry or unit inconsistencies, which required verification and cleaning.

The Asa_score variable demonstrated a categorical distribution concentrated around lower
scores, reflecting that most patients were relatively healthy prior to surgery. Antibiotic admin-
istration variables showed clustered distributions corresponding to typical clinical treatment
protocols.

The analysis further revealed skewed distributions in several variables and highlighted potential
outliers, particularly in the Age variable. These visualizations highlight the distribution, central
tendency, and presence of outliers across the variables.
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Figure 3.6: Boxplots of selected numerical variables.

Handling the outliers

Outliers were addressed using a two-step approach consistent with best practices in clinical
data analysis. First, implausible values arising from likely data entry errors were removed
based on clinically acceptable ranges. Second, extreme but plausible values were handled
using winsorization, where observations above the 95th percentile were capped at the percentile
threshold. This approach preserves the integrity of the dataset while reducing the influence of
extreme values on model training.

Dealing with implausible values and winsorization of extreme but plausible values, improved
distributional symmetry and reduced excessive dispersion across all continuous variables. While
some degree of right skewness persisted in variables, this is consistent with clinical data pat-
terns the cleaned dataset demonstrates more stable central tendencies and reduced influence
of extreme values. This ensures that the dataset remains clinically relevant and improves the
validity of subsequent analyses.The refined boxplots show reduced extreme values, improved
scale visibility, and clearer representation of central tendency and variability following outlier
correction.
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3.6.2 Correlation Matrix
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Figure 3.9: Correlation heatmap illustrating pairwise relationships among the cleaned numerical
variables

A Pearson correlation analysis was conducted to assess the linear relationships among the con-
tinuous study variables, including Age, Asa_score, Number_of times_anti biotics_administered,
and Number_of _days_antibiotics_given.

Overall, the correlation coefficients were very low, with most values close to zero (|r| < 0.15),
indicating weak or negligible linear relationships among the variables. The strongest relation-
ship observed was a small positive correlation between the number of times antibiotics were
administered per day and the number of days antibiotics were given (r = 0.15).

3.6.3 Univariate analysis of Categorical Variables
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Figure 3.11: Distribution of ASA scores among patients.
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Figure 3.12: Distribution of patients across Age-groups.

3.6.3.1 Distribution of C-Section Type

The analysis revealed that the majority of Caesarean sections performed in the study population
were emergency procedures, accounting for 88.9% of cases, while elective Caesarean sections
constituted 11.1% of the total procedures.

This indicates that nearly nine out of every ten Caesarean deliveries were performed under
emergent circumstances rather than being scheduled in advance. The predominance of emer-
gency procedures may reflect late presentation, obstetric complications, referral patterns, or
limited opportunities for planned surgical delivery within the study setting.

The marked imbalance between emergency and elective Caesarean sections suggests that the
study population was largely composed of high-acuity cases, which may have implications for
postoperative outcomes, including infection risk, length of hospital stay, and maternal morbid-

ity.
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Figure 3.13: Distribution of C-section types showing the number of emergent and elective cases.

3.6.3.2 Distribution of Indications for Caesarean Section

The analysis of indications for Caesarean section demonstrated that previous uterine scar was
the most common indication, accounting for the largest proportion of cases by a substantial
margin. This was followed by obstructed labor and fetal distress, which were also prominent
contributors to surgical delivery.

Moderately represented indications included prolonged labor, pre-eclampsia, big baby (macroso-
mia), and cephalopelvic disproportion (CPD). Other obstetric conditions such as oligohydram-
nios, breech presentation, multiple pregnancy, contracted pelvis, and antepartum hemorrhage
(APH) were observed less frequently.

Relatively rare indications included cord prolapse, intrauterine fetal death (IUFD), ruptured
uterus, premature labor, severe polyhydramnios, and poor maternal effort, each contributing
only a small fraction of total cases.

The predominance of previous uterine scar as an indication suggests a high rate of repeat
Caesarean sections within the study population. This finding may reflect evolving obstetric
practice patterns, referral dynamics, or limited access to vaginal birth after Caesarean (VBAC).
The substantial contribution of obstructed labor and fetal distress further highlights the burden
of acute intrapartum complications in the study setting.
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Figure 3.14: Distribution of indications for C-section showing patient counts across multiple
clinical causes.
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3.6.3.3 Distribution of Caesarean Sections by Surgical Personnel
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Figure 3.15: Distribution of surgical personnel involved in C-sections, showing the number of
patients managed by each cadre.

The analysis demonstrated that the majority of Caesarean sections were performed by in-
tern doctors, accounting for 4617 procedures, representing the largest proportion of surgeries

within the study population. This was followed by medical officers, who performed 2305 pro-
cedures.

Senior House Officers (SHOs) conducted 1105 Caesarean sections, while specialist obstetricians

performed 655 procedures. A small number of cases (225) were categorized under other surgical
personnel.

The findings indicate that Caesarean sections in this setting are predominantly carried out by
junior medical staff, particularly intern doctors, with comparatively fewer procedures performed
by specialist obstetricians. This distribution may reflect task-sharing practices, workforce struc-
ture, patient load, and the availability of specialist care within the facility.
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3.6.3.4 Distribution of Caesarean Sections by Anesthesia Personnel
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Figure 3.16: Distribution of cadres of surgical personnel involved in Caesarean sections.

The findings reveal a marked imbalance in provider involvement. The overwhelming majority
of caesarean sections (8811 cases) were conducted under the care of anesthetists, while special-
1st anesthesiologists accounted for only 61 cases and intern anesthetists for 35 cases. These
results demonstrate a heavy reliance on non-specialist anesthesia providers within the hospital
setting.
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3.6.3.5 Distribution of HIV Status among Patients

dont_know
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Figure 3.17: Distribution of HIV Status among Patients

The findings demonstrate that the majority of patients were HIV negative, accounting for 7990
cases (89.7%). Patients living with HIV comprised 509 cases (5.7%), while 408 patients (4.6%)
had an unknown HIV status at the time of care. The predominance of HIV-negative patients

reflects the general population distribution within the study setting.
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3.6.3.6 Distribution of Patient Skin Preparation Methods
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Figure 3.18: Distribution of Patient Skin Preparation Methods

This study evaluated the distribution of patient skin preparation methods used prior to caesarean
section. The findings indicated that chlorhezidine was the predominant antiseptic agent, utilized
in 6123 cases (68.7%). lodine-based preparations were used in 2677 cases (30.1%), while alter-
native methods accounted for only 107 cases (1.2%).The marked preference for chlorhexidine
suggests adherence to contemporary infection prevention guidelines.

3.6.4 Data Structure

Data structure focuses on the identification of the size, shape, features, and dimensionality

using the Python pandas library to support this process. The dataset contained 8,918 records

and 34 features. The features are grouped into 3 different data types: 2 float, 2 integer, and

49 object-type features. The info() method of the pandas DataFrame was used to inspect

the dataset structure, including data types and missing values. For example, variables such as
Was_antibiotic_Prophylaxis_given Pre_Operative, Was_the_patient_taught_about_hygiene_and wou
and Were_antibiotics_given post_operative were examined.

Several of the features were dropped during data pre-processing because they were not impor-
tant for this analysis. The data was organised in a two-dimensional array.

The dataset consists of 8,918 patient records with 34 features, capturing both demographic and
clinical information relevant to surgical outcomes. The features are categorised into different
data types: numeric, categorical, and object t;gges representing dates or text entries.



To inspect the dataset structure, including data types and missing values, the info () method
from the pandas library was used. This helped identify features that contained missing val-
ues.

The data was structured as a two-dimensional array, suitable for further analysis such as fea-
ture selection, encoding categorical variables, and predictive modelling. This organization
allows for efficient handling of mixed data types and supports downstream machine learning
workflows.

3.7 Analytical Environment

The data analysis and model development were conducted using the Python programming lan-
guage, which is widely recognised for its versatility in handling and analysing large datasets.
Python’s extensive ecosystem of libraries, including Scikit-learn, Pandas, and Numpy, provides
robust tools and functions for implementing machine learning algorithms and building intelli-
gent applications.

Scikit-learn was selected due to its optimised implementations of classical machine learning
algorithms suitable for structured clinical tabular data. Deep learning frameworks were not
prioritised because the dataset is moderate in size and primarily tabular, where tree-based
ensemble methods typically outperform neural architectures.

The dataset was obtained in spreadsheet format (.x1sx), which allowed for seamless impor-
tation and manipulation within the Python environment. All analyses were performed on an
HP laptop equipped with a Core i5 processor, 8 GB RAM, 1TB storage, running Microsoft
Windows 11.

Experiments were executed using reproducible pipelines using fixed random seeds.

Component Tool
Programming Python 3.11
Notebook Jupyter
Processing Pandas, NumPy
Visualization Matplotlib
Machine Learning Scikit-learn
Imbalance Handling | Imbalanced-learn
Explainability SHAP

Boosting XGBoost

Table 3.3: Software Tools and Libraries Used in the Study

3.7.1 Overview of Analytical Pipeline

This study followed a structured analytical pipeline to assess the feasibility of explainable
machine learning models for early detection of postpartum Surgical Site Infections(SSI), and
to identify data gaps in routine hospital records that limit predictive performance.

The process began with data extraction and integration, where clinical and follow-up data were
obtained from the study database. The raw dataset then underwent data cleaning and pre-
processing, which included correcting invalid entries, handling missing values using Multiple
Imputation by Chained Equations (MICE), encoding categorical variables, and scaling contin-
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uous features to ensure compatibility with machine learning algorithms. In addition, feature
engineering was performed to derive and refine variables relevant to SSI risk prediction.

To ensure unbiased model evaluation and prevent data leakage, the dataset was first partitioned
into training and testing subsets. This step was performed prior to any resampling procedures,
preserving the independence of the test data.

Given the significant class imbalance in SSI outcomes, the Synthetic Minority Over-sampling
Technique for Nominal and Continuous variables (SMOTENC) was applied exclusively to the
training dataset. This approach enabled the generation of synthetic samples for the minority
class while appropriately handling mixed data types, thereby improving the model’s ability to
learn patterns associated with SSI cases without compromising the validity of model evalua-
tion.

Following this, four machine learning models that is; Logistic Regression, Random Forest,
Support Vector Machine (RBF kernel), and XGBoost , were trained and optimised using the
balanced training data.

Model performance was evaluated on the untouched test dataset using multiple metrics, in-
cluding accuracy, ROC-AUC, precision, recall, and Fl-score. Particular emphasis was placed
on recall and F1-score, given the clinical importance of correctly identifying SSI cases in an im-
balanced setting. Additional evaluation tools, including Precision-Recall curves and confusion
matrices, were used to provide deeper insight into model behavior under class imbalance.
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Figure 3.19: Overview of the analytical pipeline for Surgical Site Infection (SSI) prediction.

3.8 Feature Engineering

To ensure methodological rigor, prevent data leakage, and support robust predictive modelling,
a structured feature selection and engineering process was implemented prior to model devel-
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opment.

The cleaned dataset comprised 8,875 records, with 33 predictor variables and one binary out-
come variable (final outcome). The dataset was first split into training and testing subsets
using an 80:20 ratio, resulting in 7,100 records for training and 1,775 records for testing. This
separation ensured that model evaluation was performed on unseen data, thereby providing an
unbiased estimate of generalization performance.

Feature engineering was then applied consistently to both the training and test datasets. New

variables were derived from existing features to better capture clinically meaningful patterns.

These included time-based variables such as length_of stay and Duration_of _surgery minutes,

as well as composite and categorical risk indicators such as long surgery, surgical risk,
hygiene_score, and categorized surgical indication variables (low_risk_indication, moderate risk_indi
and high risk indication).

During preprocessing, data quality issues were addressed. Negative or implausible values intro-
duced during feature derivation (e.g., negative values in Duration_of_surgery minutes) were
identified and replaced with missing values (NaN). These were subsequently handled using Mul-
tiple Imputation by Chained Equations (MICE) via the Iterative Imputer, applied separately
to maintain data integrity across the training and test datasets.

Categorical variables were processed based on their characteristics. Low-cardinality variables
were encoded using one-hot encoding, while ordinal variables such as Age _group were trans-
formed using ordinal encoding to preserve inherent ordering. High-cardinality variables, includ-
ing Surgery_by and Anesthesia by, were also encoded using ordinal encoding after grouping
rare categories into an “Other” category (based on a defined frequency threshold). This step
reduced sparsity and improved model stability.

To avoid data leakage, variables that directly reflected the outcome or post-outcome clinical ob-
servations were explicitly removed from the feature set. These included post-operative wound
assessment indicators such as purulent discharge, fever, wound reopening, redness, swelling,
and increased wound pain. Additional leakage-prone variables such as patient identifiers, re-
dundant site variables, and derived indicators closely tied to post-outcome information were
also excluded from the modelling dataset.

After cleaning, encoding, and feature engineering, the final dataset was prepared by merging
imputed numerical features with encoded categorical variables. The resulting feature matrices
were aligned between training and test sets to ensure consistent dimensionality. Any remaining
missing values were handled, and all features were converted to numerical format to facilitate
model training.

To address class imbalance in data, the Synthetic Minority Over-sampling Technique for Nom-
inal and Continuous features (SMOTENC) was applied to the training dataset only. This
approach accounts for both categorical and continuous variables when generating synthetic
samples, resulting in a balanced training dataset.

Finally, feature scaling was performed using standardization (StandardScaler) to ensure that
all numerical variables contributed equally during model training, particularly for algorithms
sensitive to feature magnitude such as Logistic Regression and Support Vector Machines.

After completing feature selection and engineering, the dataset was fully prepared for modelling.
The final analytical pipeline ensured that all predictors used were available prior to or at the
time of surgery, were free from leakage, and were appropriately transformed for machine learning
algorithms. This resulted in a robust feature set that supported reliable prediction of Surgical
Site Infections while maintaining clinical relev%?ce and interpretability.



3.9 Model Development

Model development followed a structured and comparative approach aimed at identifying the
most suitable algorithm for predicting Surgical Site Infections (SSI). The process began with
the implementation of a baseline model using Logistic Regression. This model was selected
due to its simplicity, computational efficiency, and high interpretability, providing a benchmark
against which more complex models could be evaluated.

Following the baseline model, several advanced machine learning algorithms were implemented
to capture complex and non-linear relationships within the clinical dataset. These included De-
cision Tree, Random Forest, Support Vector Machine (SVM), and Extreme Gradient Boosting
(XGBoost). Decision Trees were utilized for their ability to model non-linear decision bound-
aries and provide intuitive rule-based interpretations[48]. Random Forest, an ensemble learning
method, was employed to improve predictive accuracy and reduce overfitting by aggregating
multiple decision trees.

Support Vector Machine (SVM) was applied due to its effectiveness in handling high-dimensional
data and its ability to identify optimal decision boundaries. Additionally, XGBoost, a gradient
boosting algorithm, was implemented to further enhance model performance through sequential
learning and optimization of prediction errors.

To address class imbalance in the dataset, particularly the relatively low occurrence of Sur-
gical Site Infection (SSI) cases, the Synthetic Minority Over-sampling Technique for Nominal
and Continuous features (SMOTENC) was applied prior to model training. Unlike standard
SMOTE, which assumes that all features are continuous, SMOTENC was specifically designed
to handle datasets comprising both numerical and categorical variables by treating categorical
features differently during the generation of synthetic samples.

This approach ensured that the synthetic observations preserved the integrity of categorical
feature distributions while enhancing the representation of the minority class. Consequently,
the models were trained on a more balanced and realistic dataset, which improved their abil-
ity to learn meaningful patterns associated with SSI and enhanced predictive performance,
particularly in detecting minority class cases.

3.10 Model Performance Evaluation and Validation

The performance of the developed machine learning models was evaluated using a combination
of classification metrics to assess both predictive accuracy and clinical relevance in identifying
Surgical Site Infections (SSI). Given the imbalanced nature of the dataset, particular emphasis
was placed on metrics that effectively capture model performance on the minority class.

Key evaluation metrics included accuracy, precision, recall, F1-score, and the Area Under the
Receiver Operating Characteristic Curve (ROC-AUC). While accuracy provided an overall mea-
sure of correctness, it was not solely relied upon due to class imbalance. Greater importance
was placed on recall (sensitivity), as it reflects the model’s ability to correctly identify patients
who develop SSI, thereby minimizing false negatives, which is critical in clinical settings. Pre-
cision was also considered to evaluate the proportion of correctly identified positive cases, while
the Fl-score provided a balanced measure between precision and recall.

A confusion matrix was generated for each model to provide a detailed breakdown of true pos-
itives, true negatives, false positives, and false negatives. This enabled a deeper understanding
of model behavior, particularly in terms of misclassification patterns and the trade-offs between

sensitivity and specificity.
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To further assess model discrimination ability, Receiver Operating Characteristic (ROC) curves
were plotted and the corresponding ROC-AUC values computed. In addition, Precision-Recall
(PR) curves were utilized, as they are more informative for imbalanced datasets by focusing on
the performance of the minority class (SSI cases) [49]. These graphical evaluations provided
insight into model performance across different classification thresholds.

3.11 Model Interpretability and Insights

To ensure that the developed models are transparent, explainable, and suitable for clinical
application, model interpretability techniques were employed. Given the importance of trust
and accountability in healthcare settings, these techniques were used to provide both global
and local explanations of model predictions.

Feature importance analysis was conducted, particularly for ensemble models such as Random
Forest and XGBoost, to identify the most influential variables contributing to the prediction of
Surgical Site Infections (SSI). This enabled the identification of key risk factors, such as duration
of surgery, length of hospital stay, hygiene-related practices, and patient clinical characteristics,
thereby aligning model outputs with clinical knowledge.

In addition, SHAP (Shapley Additive Explanations) values were utilized to provide a more
detailed and consistent interpretation of model predictions. SHAP analysis offered both global
interpretability highlighting overall feature influence across the dataset and local interpretabil-
ity, explaining individual predictions for specific patients. This allowed for a clear understanding
of how different features increased or decreased the predicted risk of SSI.

These interpretability tools were further supported by visualizations, such as feature importance
plots and SHAP summary plots, which enhanced the communication of results to both technical
and non-technical stakeholders.

3.12 Alignment Between Objectives and Methods

Objective Method Output

Identify predictors EDA + SHAP Important variables
Compare models ML evaluation Best model
Explain predictions SHAP Interpretation

Table 3.4: Summary of Objectives, Methods, and Outputs

3.13 Validation and Clinical Contextualization

Once the model was trained and evaluated, it was validated using a separate test set to confirm
its performance on unseen data. The results was contextualized for the Ugandan healthcare
environment, considering factors such as diagnostic workflows, resource limitations, and com-
mon comorbidities in local populations. This step will ensure the model’s applicability and
relevance in the settings where it is intended to be deployed. Clinical feedback may also be
sought to interpret findings and assess practical integration opportunities.

Following model training and internal evaluation, final validation was conducted using a held-
out test dataset to assess model performance on previously unseen data. This approach ensured
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an unbiased evaluation of the model’s generalizability and its ability to maintain predictive
performance beyond the training phase.

The validation process focused on confirming the consistency of key performance metrics, in-
cluding recall, Fl-score, and ROC-AUC, particularly for the minority class (Surgical Site In-
fections). This step was critical in verifying that the model did not over fit the training data
and could reliably identify high-risk patients in real-world scenarios.

Beyond statistical validation, the model outputs were interpreted within the context of the
Ugandan healthcare system. Consideration was given to local clinical practices, including peri-
operative care protocols, variability in infection prevention measures, and resource constraints
such as limited diagnostic capacity and workforce challenges.

The inclusion of context-specific engineered features such as hygiene-related practices, catego-
rized surgical indications (low, moderate, and high risk), and duration-based variables enhanced
the model’s relevance to the local setting. These features reflect real-world clinical conditions
and workflows, thereby improving the practical utility of the model.

3.14 Ethical Considerations

This study utilized secondary data obtained from the Surgical Site Infection (SSI) surveillance
component of the Healthcare-Associated Infections (HAI) programme implemented by the In-
fectious Diseases Institute in collaboration with participating Regional Referral Hospitals. Eth-
ical approval to access and use the surveillance data for research purposes was obtained through
the relevant Research Ethics Committee (REC) and institutional authorization processes prior
to commencement of analysis.

Because the study relied exclusively on existing surveillance records and did not involve direct
interaction with patients, no additional participant recruitment or intervention was conducted.
All analyses were performed on de-identified datasets to protect patient privacy and confi-
dentiality. Personally identifiable information, including patient names and identifiers, was
removed prior to data processing and analysis.

Access to the dataset was restricted to authorized study personnel only. Data files were stored
on password-protected and encrypted devices and handled in accordance with institutional data
governance procedures. Data extraction, cleaning, and modelling workflows were implemented
using secure and reproducible analytical environments to minimize risks associated with unau-
thorized access or data manipulation.

The study adhered to ethical principles of respect for persons, beneficence, non-maleficence, and
justice. Findings will be reported in aggregate form to ensure that no individual participant
can be identified in publications, presentations, or dissemination materials.

Where applicable, this study complied with institutional research guidelines and national re-
quirements governing the use of health data for research purposes.
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Chapter 4

Results

OBJECTIVE 1:

4.1 Descriptive statistics

The mean age of the participants was 26.3 years (SD = 6.0), indicating that most mothers
were within the younger reproductive age group a pattern consistent with national maternity
demographics in Uganda.

With regard to HIV status, the majority of patients were HIV-negative, accounting for 7,990
cases (89.7%). Patients living with HIV constituted 509 cases (5.7%), while 408 mothers (4.6%)
had an unknown HIV status at the time of care. This distribution aligns with the general HIV
prevalence patterns among reproductive-age women in similar settings.

The preoperative physical status of patients, assessed using the American Society of Anesthesi-
ologists (ASA) classification, showed a mean ASA score of 1.2 (SD = 0.46). This suggests that
the majority of women were classified as ASA I, indicating they had no significant systemic
illness prior to surgery.

The dataset revealed a strong predominance of emergency Caesarean sections, which accounted
for 7,942 procedures (88.9%). In contrast, elective Caesareans constituted 992 cases (11.1%).
This distribution reflects a high burden of acute obstetric complications and limited opportu-
nities for planned surgical deliveries, a common characteristic of referral hospitals serving high
risk populations.

The majority of Caesarean sections were performed by intern doctors, who handled 4,617 pro-
cedures (51.7%). This was followed by: Medical Officers: 2,305 cases (25.8%), Senior House Of-
ficers (SHOs): 1,105 cases (12.4%), Specialist Obstetricians: 655 cases (7.3%), other providers:
252 cases (2.8%). This distribution highlights a workforce structure heavily reliant on ju-
nior medical staff, likely due to staffing constraints and high patient volumes in the study
setting.

A similar pattern was observed in anesthesia provision. Anesthetists conducted anesthesia
for 8,811 procedures (98.6%), while: Specialist anesthesiologists handled only 61 cases (0.7%),
and Intern anesthetists performed 35 cases (0.4%).This demonstrates substantial reliance on
non-specialist anesthesia providers, which is typical in resource limited health systems.

Chlorhexidine was the most commonly used antiseptic agent, applied in 6,123 procedures
(68.7%).Jodine based skin preparation was used in 2,677 cases (30.1%), while other meth-
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ods accounted for 107 cases (1.2%).The dominant use of chlorhexidine suggests adherence to
infection prevention recommendations favoring its superior antimicrobial effectiveness.

The incidence of postpartum Surgical Site Infection (SSI) in the study population was 8.1%
(n = 724), while the majority of patients did not develop SSI, accounting for 91.9% (n =
8,210).

4.1.1 Bivariate Analysis of the numerical variables with the Target
Variable

A bivariate analysis was conducted to examine the relationship between selected continuous
variables and the binary outcome variable final_outcome. Boxplots were employed to compare
the distribution, central tendency, and dispersion of each numerical variable across infection
status categories (“1” and “0”).

The results of the bivariate analysis revealed substantial overlap between the infected and non-
infected groups for most continuous variables. Although slight differences were observed in
antibiotic duration and length of hospital stay—both of which are plausibly related to infection
management—the overall distributions indicate that no single numerical variable exhibits a
strong unadjusted association with infection status.

These findings suggest that infection risk is likely influenced by a combination of factors rather
than any isolated continuous predictor, highlighting the need for multivariable modelling to
better understand the determinants of postoperative infection.
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Figure 4.1: Boxplots illustrating the distribution of key continuous variables stratified by sur-
gical site infection (SSI) outcome.

4.1.2 Examining the Target Variable

The class distribution of the outcome variable (final_outcome) indicates a pronounced imbalance
between patients diagnosed with surgical site infection (SSI) and those without infection. A
total of 8,166 patients (91.9%) did not devel(zlg SST (No SSI - 0), while 719 patients (8.1%)



were diagnosed with SSI (SSI — 1). This demonstrates that SSI cases represent a small minority
of the overall sample, resulting in a highly imbalanced dataset in which the vast majority of
patients fall into the non-SSI category. Such imbalance is common in clinical datasets[46],
where adverse postoperative events occur relatively infrequently.

The observed SSI prevalence of 8.1% indicates that postoperative infection was relatively un-
common within the study population. However, the substantial class imbalance underscores
the need for careful methodological considerations during predictive modelling to ensure that
infection cases are accurately identified and not overshadowed by the majority class.
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Figure 4.2: Distribution of Surgical Site Infection (SSI) Diagnosis Among Patients

OBJECTIVE 2:
4.2 Model design and Performance comparison

Table 4.1: Performance Evaluation of the Models

Rank Model Accuracy ROC-AUC F1 Score Precision Recall (Sensitivity
1 Logistic Regression 0.1031 0.6528 0.1523 0.0825 0.9931
2 Random Forest 0.2992 0.6064 0.1640 0.0908 0.8472
3 XGBoost 0.7932 0.5884 0.1716 0.1271 0.2639
4 SVM (RBF kernel) 0.5403 0.5798 0.1774 0.1038 0.6111

4.2.1 Model Development

To develop predictive models for postpartum surgical site infections (SSI), a structured machine
learning pipeline was implemented, incorporat% data preprocessing, class imbalance handling,



model training, and performance evaluation. The dataset was divided into training and testing
sets to enable unbiased evaluation of model performance. Typically, a stratified split was
applied 80:20 ratio to ensure that the minority class (SSI cases) was proportionally represented
in both subsets, given the observed class imbalance (8.1% SSI vs 91.9% non-SSI).

Given the highly imbalanced nature of the outcome variable, Synthetic Minority Over-sampling
Technique Synthetic Minority Over sampling Technique for Nominal and Continuous (SMO-
TENC) features was applied to the training dataset to improve the representation of the mi-
nority class. The test dataset was left unchanged to reflect real-world data distribution.

Four machine learning algorithms were selected based on their complementary strengths in
classification tasks and interpretability considerations: Logistic Regression was included as a
baseline model due to its simplicity, interpretability, and widespread use in clinical research[50].
Random Forest was chosen for its ability to capture non-linear relationships and interactions
between variables while providing measures of feature importance. Extreme Gradient Boosting
(XGBoost) was selected for its strong predictive performance and robustness in handling struc-
tured data. Support Vector Machine (SVM) with RBF kernel was included to model complex
decision boundaries in high-dimensional feature space.

These models represent a balance between interpretability (Logistic Regression), ensemble
learning (Random Forest, XGBoost), and non-linear classification (SVM).

Given the clinical importance of minimizing missed SSI cases, classification thresholds were
adjusted below the default 0.5 probability cutoff. Lower thresholds were explored to improve
sensitivity (recall), ensuring that most true SSI cases were correctly identified. This adjustment
reflects a clinical preference for early detection, even at the cost of increased false positives.

4.2.2 Model Performance Evaluation

Model performance was evaluated on the independent test dataset using multiple metrics,
including accuracy, ROC-AUC, precision, recall (sensitivity), and F1-score. Particular emphasis
was placed on recall and Fl-score due to the imbalanced nature of the data and the clinical
importance of correctly identifying SSI cases.

Accuracy, while commonly reported, was considered insufficient as a standalone metric in this
context because it can be misleading in imbalanced datasets. A model predicting all cases as
non-SSI would achieve high accuracy but fail to identify true infection cases.

ROC-AUC was included to assess the model’s ability to discriminate between SSI and non-SSI
cases across all classification thresholds. However, given the class imbalance, ROC-AUC may
overestimate model performance and was therefore interpreted alongside other metrics.

Precision measures the proportion of predicted SSI cases that are truly positive, reflecting the
model’s ability to minimize false positives. Recall (sensitivity), on the other hand, measures
the proportion of actual SSI cases correctly identified by the model.

In this study, recall was prioritised due to its clinical importance failing to detect an SSI case
could lead to delayed treatment and adverse maternal outcomes.The F1-score, which represents
the harmonic mean of precision and recall, was used to provide a balanced assessment of model
performance, particularly under class imbalance conditions.
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4.2.3 Model Performance Results

The performance of the evaluated models varied considerably across the selected metrics. Logis-
tic Regression achieved the highest recall (0.9931), indicating that it correctly identified nearly
all SST cases. However, this came at the expense of very low precision (0.0825) and low accu-
racy (0.1031), suggesting a high number of false positive predictions. Despite this limitation,
the model demonstrates strong potential for clinical screening applications where sensitivity is
prioritised.

Random Forest also demonstrated high recall (0.8472) with slightly improved precision (0.0908)
and Fl-score (0.1640) compared to Logistic Regression. However, its overall discriminative
ability, as indicated by ROC-AUC (0.6064), remained moderate.

XGBoost achieved the highest accuracy (0.7932) among all models, but this was accompanied
by substantially lower recall (0.2639), indicating poor detection of SSI cases. This suggests that
the model was biased toward predicting the majority class (non-SSI), limiting its usefulness in
clinical settings where detecting infections is critical.

The Support Vector Machine (SVM) model provided a more balanced performance, with mod-
erate recall (0.6111) and the highest Fl-score (0.1774) among the evaluated models. However,
its ROC-AUC (0.5798) indicates limited discriminative performance overall.

4.2.4 ROC Curves for all the models
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Figure 4.3: ROC Curves comparing Logistic Regression, Random Forest, SVM (RBF kernel),
and XGBoost models.

The Receiver Operating Characteristic (ROC) curves provide a visual assessment of each
model’s ability to discriminate between patieritg who developed Surgical Site Infections (SSI)



and those who did not across a full range of classification thresholds. The diagonal dashed
line represents a no skill classifier (AUC = 0.50), serving as a baseline for comparison. Models
whose curves rise further toward the top left corner demonstrate stronger discriminative power,
as they achieve higher True Positive Rates while maintaining lower False Positive Rates.

From the graph, Logistic Regression exhibits the best overall performance, achieving an AUC
of approximately 0.65. Its ROC curve consistently lies above those of the other models across
most threshold levels, indicating a superior ability to separate SSI from non SSI cases. Al-
though modest, this performance reflects comparatively stronger discrimination and suggests
that Logistic Regression provides a better balance between sensitivity and specificity than the
other evaluated models.

The Random Forest model follows with an AUC of about 0.61, indicating moderate discrim-
inative capability. Its curve remains above the no-skill line and reasonably close to that of
Logistic Regression, suggesting that Random Forest captures some meaningful structure in the
data but is less effective at distinguishing between the two classes.

In contrast, XGBoost (AUC ~ 0.59) and SVM with an RBF kernel (AUC =~ 0.58) showed
weaker performance. Their ROC curves lay closer to the diagonal baseline, indicating only
slight improvement over random guessing. This reflects a limited ability to correctly rank
patients by risk of SSI, likely influenced by the severe class imbalance in the dataset and the
difficulty these models faced in identifying minority-class patterns.

4.2.5 Precision —Recall Curve Analysis for all the models

Precision-Recall Curves
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Figure 4.4: Precision—Recall curves for Logistic Regression, Random Forest, SVM (RBF kernel),
and XGBoost models.
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The Precision-Recall (PR) curves offer additional insight into model performance under the
severe class imbalance present in the dataset, where Surgical Site Infections (SSI) represent a
small minority of cases. Unlike ROC curves, which can appear overly optimistic in imbalanced
settings, PR curves more clearly highlight the difficulty the models face in achieving both high
precision and high recall.

As shown in the figure, all models exhibit consistently low precision across most recall levels,
indicating that a large proportion of the positive predictions are false positives. Logistic Re-
gression shows a slightly higher and more stable precision curve compared to the other models,
suggesting a marginally better balance between identifying true SSI cases and limiting false
alarms.

Random Forest and SVM (RBF kernel) display similar behavior, with modest precision values
that remain close to those of Logistic Regression but without significant separation. XGBoost
shows highly unstable precision at very low recall values, briefly spiking before rapidly declining,
reflecting its tendency to identify very few positive cases and perform poorly when it attempts
to do so.

Overall, the PR curves highlight the inherent difficulty of the SSI prediction task: while some
models achieve reasonable recall, all struggle to maintain precision, reinforcing the challenge of
accurately detecting rare clinical outcomes without generating substantial false positives.
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4.2.6 Confusion Matrix Analysis

Confusion Matrix - Logistic Regression Confusion Matrix - Random Forest
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Figure 4.5: Confusion matrices illustrating the classification performance of Logistic Regression,
Random Forest, Support Vector Machine (RBF kernel), and XGBoost models.

The confusion matrices for the four evaluated models Logistic Regression, Random Forest,
SVM (RBF kernel), and XGBoost provide detailed insight into how each algorithm performs
in distinguishing between patients with and without Surgical Site Infections (SSI). Because SSI
represents a minority class, the patterns observed in these matrices are critical for understanding
each model’s strengths and limitations in a clinically imbalanced setting.

Across all models, a common trend emerges: correctly identifying SSI cases (true positives) is
significantly more challenging than identifying gon SSI cases (true negatives). Logistic Regres-



sion demonstrates the highest sensitivity, correctly identifying almost all infection cases (139
true positives with only 1 false negative).

However, this comes at the cost of an exceptionally high number of false positives (1,399),
indicating that the model predicts the positive class excessively. This explains the model’s
very high recall but extremely low precision and highlights its tendency to flag many non SSI
patients as at risk.

The Random Forest model presents a more balanced but less sensitive profile, capturing 83
true positives while missing 64 actual SSI cases. Although it reduces false positives relative to
Logistic Regression, it still produces a substantial number of misclassifications in both directions
(802 false positives). This reflects moderate recall and poor precision, consistent with the
patterns observed in the ROC and PR curves.

The SVM (RBF kernel) model shows slightly stronger specificity (fewer false positives, 624) but
still struggles to detect positive cases effectively, with 69 false negatives and 78 true positives.
While it achieves a somewhat improved balance between sensitivity and specificity compared
to Logistic Regression and Random Forest, it still fails to identify a considerable number of
actual SSI cases, limiting its clinical utility.

In contrast to the other models, XGBoost heavily favors predicting the majority class. It
produces very few false positives (133) but misses almost all true infection cases, with 129
false negatives and only 18 true positives. This behavior explains its deceptively high accuracy
and poor recall, confirming that the model largely defaults to predicting patients as non SSI.
Such performance is unsuitable for clinical early warning systems where failing to detect true
infections can have serious consequences.

4.2.7 Feature Importance Results

To better understand the variables contributing most strongly to the Random Forest model’s
predictions of Surgical Site Infection (SSI), feature importance scores were extracted and visu-
alized. Random Forest assigns importance based on the extent to which each feature reduces
impurity across all decision trees in the ensemble. Higher importance values indicate stronger
influence on the model’s decision-making process.

The ranking of the top 20 features (Figure 23 ) shows that the model relies heavily on variables
related to surgical complexity, operative duration, perioperative infection prevention practices,
and maternal or procedure related risk factors. These results highlight that both clinical work-
flow factors and patient-related behaviors play key roles in SSI risk prediction. The prominence
of time based features and perioperative interventions aligns with existing evidence showing
that prolonged procedures, inadequate prophylaxis, and poor hygiene conditions are major
contributors to postoperative infections.

Although Random Forest was not the highest performing model in terms of overall predictive
accuracy or ROC AUC, it was deliberately selected as the primary model for interpretability
due to its unique strengths in generating reliable and clinically meaningful feature importance
insights[47] .

Unlike models such as SVM or XGBoost, which operate through complex, opaque decision
boundaries, Random Forest produces transparent, stable importance scores that are easy to
interpret and grounded in its ensemble based structure. These importance scores directly reflect
how much each feature contributes to reducing prediction error across hundreds of decision trees,
offering a robust and intuitive measure of variable influence.
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Figure 4.6 highlights the variables that contribute most to the model’s decision-making process,
providing insight into key clinical and procedural factors associated with SSI risk.
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Figure 4.6: Top 20 most influential features for predicting Surgical Site Infections (SSI).
OBJECTIVE 3:

4.3 Explainability using Shapley Additive exPlanations
(SHAP)

SHAP was used to determine the contributions of each prediction variable to the model’s
predictions. SHAP assigns an importance value to each feature used in the development of
the model and also aids in fine-tuning the performance of the model by removing features or
variables with low importance values.

4.3.1 SHAP bee swarm plot summary

The SHAP bee swarm plot offers a granular view of how each predictor influences the model’s
estimated probability of Surgical Site Infection (SSI). Unlike the feature importance bar chart,
which provides only a global ranking of variables, the bee swarm plot displays three essential
dimensions of interpretability: (1) the magnitude of each feature’s impact on the model out-
put (distance from zero along the x axis), (2) the direction of its influence (whether it shifts
predictions toward higher or lower SSI risk), and (3) the distribution and variability of these
effects across individual patients.

Each point represents a single observation, with its position on the x axis indicating how much
that feature increases (positive SHAP value) or decreases (negative SHAP value) the predicted
likelihood of SSI. The colour gradient encodes feature values, where red indicates higher values
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and blue indicates lower values, enabling interpretation of how specific value levels correspond
to risk

The plot shows that preoperative bathing and proper skin antiseptic preparation consistently
pull predictions toward lower SSI probability, underscoring the protective role of standardized
infection prevention measures. In contrast, emergency obstetric indications such as obstructed
labor and referral related factors shift predictions toward higher risk, reflecting the clinical
reality that prolonged or complicated labor increases infection vulnerability[48].

Operative factors such as long surgery duration also display a clear positive association with
SSI likelihood. Interestingly, prolonged antibiotic use appears associated with higher predicted
SSI risk; this pattern likely reflects reverse causality, where extended antibiotic administration
occurs as a consequence of developing an infection rather than as a cause. These patterns
emphasize the importance of interpreting machine learning outputs within their clinical context
and distinguishing predictive associations from causal relationships.
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Figure 4.7: SHAP Summary Plot Showing Feature Impact on Model Output
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4.3.2 SHAP Waterfall Plot for Individual SSI Risk Explanation

To complement the global interpretability provided by the SHAP bee swarm plot, a SHAP wa-
terfall plot was generated to explain the model’s prediction for a single patient. The waterfall
plot decomposes the predicted probability of Surgical Site Infection (SSI) into additive con-
tributions from individual features, starting from the model’s baseline prediction (the average
predicted risk across the entire dataset) and progressively incorporating each patient specific
characteristic.

The baseline value for the model was approximately 0.50, representing the average SSI prob-
ability before accounting for any individual patient features. Each bar in the plot shows how
a specific predictor shifts the model’s output either upward (increasing SSI risk) or downward
(reducing SSI risk).



Features shown in red contribute positively toward higher risk, while features in blue decrease
the predicted risk. The slope of these contributions ultimately leads to the patient’s final pre-
dicted probability of 0.718, meaning that the model considers this patient to be at substantially
higher than average risk of SSI.

Several features exerted strong upward pressure on the prediction. Notably, factors such as
preoperative shower status, certain obstetric indications, and perioperative preparation vari-
ables collectively increased the patient’s estimated risk. Clinical risk scores (e.g., ASA score)
also contributed positively, reflecting underlying health status that elevates infection suscepti-
bility.

Conversely, younger age and appropriate administration of preoperative antibiotics reduced the
predicted risk, illustrating protective effects that align with established clinical expectations.
A small cumulative contribution from numerous less influential variables further adjusted the
prediction.

This individualized explanation highlights how the model integrates diverse clinical, demo-
graphic, and perioperative factors to arrive at its final prediction. Importantly, the waterfall
plot emphasizes that machine learning predictions arise from complex interactions between
features, and that not all feature effects are necessarily causal.

The association between certain preoperative practices and increased predicted SSI risk may
reflect reverse causality or confounding, where high risk patients receive more intensive periop-
erative care. Such nuances underscore the need to interpret SHAP outputs in clinical context
rather than assuming direct causation.

fix) =0.718
1

1 = Did_patient_shower _

25 = Age
0 = Indication_of c_section_Obstructed Labour
0 = long_surgery

1 = Antibiotic_given Pre_Operative

1 = Patient_skin_preparation_iodine
0 = Indication_of ¢_section_Previous_scar +0.03
0 = Referral_In +0.03
2 = Asa_score +0.03

36 other features ‘. +0.01

1 1 1 1 1 1
0.50 0.55 0.60 0.65 0.70 0.75
E[fiX)] =0.5

Figure 4.8: SHAP Decision Plot Ilustrating Feature Contributions Toward the Predicted Out-
put.
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Chapter 5

Discussion

This study evaluated the feasibility of explainable machine learning (ML) models for the early
detection of postpartum surgical site infections (SSIs) in Ugandan hospitals. While the study
successfully identified key clinical predictors, the results highlight the significant challenges of
modelling rare clinical events within routine hospital data.

5.1 Interpretation of Key Findings

The performance of the models was constrained by two primary factors: the 91.9% / 8.1% class
imbalance and a weak predictive signal in the available feature set. While Logistic Regression
achieved an impressive Recall (0.9931), its Precision (0.0825) was exceptionally low. This
suggests that while the model ”captured” almost all SSI cases, it did so by casting an extremely
wide net.

The fact that complex, non-linear models like XGBoost and Random Forest did not significantly
outperform the simpler Logistic Model implies that the "signal” for SSI in routine Ugandan
hospital data is not only sparse but also potentially linear. The features used, such as surgery
duration and hygiene indicators, act as general risk markers rather than specific diagnostic
predictors. Consequently, the models could identify a ”high-risk environment,” but lacked the
granular data (e.g., intraoperative contamination or specific biomarkers) to precisely distinguish
an infected patient from a non-infected one who shared similar routine characteristics.

5.2 Comparison with Literature

These results resonate with broader evidence in clinical informatics [49] regarding the difficulty
of predicting "rare-event” binary outcomes. Most literature suggests that when the predictive
signal is weak, models struggle to achieve high precision. This was evident in this study, where
the strongest F1l-score was only 0.1774 (SVM), suggesting that while we can identify who might
get an infection, we cannot yet pinpoint exactly who will get one without a high rate of false
alarms.

Contribution: This study contributes to the literature by demonstrating the viability of Explain-
able Al (XAI) in an East African clinical context. While many studies focus on high-income set-
tings with granular electronic health records, this research proves that routine, secondary data
in Ugandan hospitals, when processed through SHAP explainability, can reveal high-impact
predictors like preoperative hygiene and obstructed labour. This moves the conversation from

"black-box” accuracy to ”glass-box” clinical inzight.
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5.3 Implication for Practice - Clinical Practice, Policy,
Machine Learning Modelling.

Clinical Practice: The models should be implemented as triage-support tools for patient screen-
ing rather than diagnostic certainties. Given the high recall of Logistic Regression, clinicians
can use the model to flag the ”"High Risk” 20-30% of the ward. Even with low precision, this
allows midwives to prioritise limited bedside monitoring for those most likely to be among the
8.1% of true SSI cases.

Policy: The modest predictive power (ROC-AUC of 0.65) suggests a policy need for stan-
dardized digital data collection. To improve AI performance in Uganda, Ministry of Health
guidelines should emphasize the recording and completeness of all demographic data ie height
and weight, intraoperative antibiotic timing and wound classification, which are currently miss-
ing from routine records.

ML modelling: For future maternal health research in LMICs, ” Accuracy” should be abandoned
as a primary metric. Researchers should instead prioritise Precision-Recall (PR) curves and
Cost-Sensitive Learning, which explicitly weight the 8.1% minority class as more ”important”
than the majority.

5.4 Methodological Reflections

The methodology was defined by the challenge of the 91.9/8.1 class imbalance. While SMO-
TENC oversampling helped the models ”see” the minority class, it did not fully resolve the
overlap between infected and non-infected feature spaces.

The Threshold Sensitivity Analysis revealed a stark reality: while lowering the decision thresh-
old increased recall, it caused a consistent and significant decline in precision, specificity, and
accuracy. This confirms that there is no "mathematical shortcut” to fix a weak predictive
signal.

In this study, the threshold adjustment was not just a statistical exercise, but a clinical choice:
we prioritised the identification of the 8.1% (Sensitivity) at the calculated expense of increased
false positives, acknowledging that in a Ugandan context, the cost of a missed infection far
outweighs the cost of an extra clinical review.

5.5 Study Limitation

Several limitations of this study should be acknowledged. The limited number of positive cases
may have constrained the model’s ability to learn robust patterns and generalise to new patients.
This is especially relevant for complex algorithms, which typically require larger datasets to
achieve optimal performance.

The study relied on secondary data, which limited control over data collection and feature avail-
ability. Several potentially important predictors, such as intraoperative contamination, antibi-
otic prophylaxis, wound classification, and detailed comorbidities, were not available. Missing
or unrecorded information may have restricted the discriminatory power of the models.

Despite these limitations, the study provides valuable insights into the feasibility of applying
machine learning to SSI prediction in a low-resource setting and identifies areas for improve-
ment, including larger, multi-center datasets, additional predictive variables, and standardized
outcome assessment.
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Chapter 6

Conclusion and Recommendation

6.1 Recommendation

Based on the findings of this study, several recommendations are proposed to improve surgical
site infection (SSI) prediction and guide future research:

6.1.1 Enhance Data Collection and Feature Scope

The results of this study highlight that SSI is not strongly predictable using the variables
currently available in routine hospital records. This limitation underscores the need to enrich
data collection practices. Future efforts should prioritise the systematic capture of additional
clinically relevant risk factors, including intraoperative variables (e.g. wound classification and
contamination levels), detailed antibiotic prophylaxis timing, patient comorbidities, nutritional
status, and postoperative wound assessments.

The integration of longitudinal or time-series data, including postoperative vital sign trajecto-
ries, laboratory trends, and nursing notes, would enable models to capture dynamic physiolog-
ical changes that precede the onset of infection. Strengthening the granularity, completeness,
and standardisation of clinical data is therefore essential for developing predictive tools with
greater discriminatory power.

6.1.2 Refine Modelling Approaches for Imbalanced Data

Given the extreme class imbalance observed in this dataset, future studies should explore more
advanced modelling strategies that explicitly address this challenge. Strategies specifically
optimised for minority-class detection may improve sensitivity without excessively inflating
false positives.

Hybrid resampling techniques, combining SMOTENC with under-sampling or synthetic data
refinement, may also yield more stable minority-class representations. These refinements may
enhance model robustness in rare-event prediction

6.2 Future Work

Future research should investigate hybrid modelling approaches that combine structured clinical
data with unstructured sources, such as operative notes, microbiology reports, imaging findings,
and nursing narratives.
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Natural language processing (NLP) may uncover additional signals not captured in coded data
fields. Advances in deep learning and multimodal modelling also offer opportunities to integrate
text, images, and numerical data to enhance predictive accuracy. Such multimodal approaches
may better reflect the multifactorial nature of SSI development.

6.3 Conclusion

The collective findings of this study indicate that SSI is not strongly predictable using the
routinely collected variables available in this dataset. Across all models, discriminatory per-
formance remained modest, precision was consistently low, and threshold adjustments did not
meaningfully improve outcomes.

These results suggest that the predictors captured in routine hospital records provide only lim-
ited insight into the complex, multifactorial pathways leading to SSI. Consequently, effective
early prediction may require the integration of additional clinical, microbiological, intraopera-
tive, and environmental variables that were not available in the current dataset.
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Appendix A

Budget

Year 1 Year 2 Year 3 Year 4 Year 5 TOTAL
(US §) (US§) (US$) (US'§) (US §)
Personnel 500 0 0 0 0 500
Travel * 300 0 0 0 0 300
Materials and Supplies 100 0 0 0 0 100
IAdministration 1500 0 0 0 0 1500
Results dissemination 1000 0 0 0 0 1000
Contingency 100 0 0 0 0 100
Reimbursement and Time 800 0 0 0 0 800
Compensations
Other 0 0 0 0 0 0
Total 3500 0 0 0 0 4300

Figure A.1:

Budget allocation for the study activities.
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Appendix B

Research Project timelines

A Gantt Chart may be useful to show the phases, tasks and and dependancies on one page.

Activity

REC approval &
administrative
clearance

Data access &
verification

Data cleaning &
preprocessing

Month 5

Month 6

Exploratory data
analysis (EDA)

Model development

Model evaluation

Model interpretability
analysis

Results interpretation &
writing

Dissemination & final
reporting

Figure B.1: Activity Timeline
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